1 Abstract Purpose: To allow for a purely image-based motion estimation and compensation in weightbearing cone-beam computed tomography of the knee joint.
at the bone outline which indicates that markers may not accurately reflect the internal motion close to the knee joint. Therefore, we believe that the proposed method is a promising alternative to MB motion management.
INTRODUCTION
To further improve our marker-free motion compensation we now make use of an already existent, motion-free CBCT reconstruction of the knee-joints acquired in supine position.
75
This enables rigid 2D/3D registration of the segmented left and right tibia and femur from 76 the motion-free scan. All four segmentations are rigidly registered to each of the K motion- 
II. METHODS AND MATERIALS

84
A. Reference Method Using Metallic Fiducial Markers
85
To thoroughly evaluate the proposed method we compare it with the motion-compensated 
(1)
where α ∈ R 6K is a vector containing three rotation and translation parameters per pro-92 jection, P k ∈ R 3×4 is the k-th projection matrix as given by the system's calibration,
93
T k (α) ∈ R 4×4 applies the rigid motion for projection k given the parameters in α, x i ∈ R For more details on 2D marker detection and 3D reference point extraction we refer to our 110 previous work [5] .
111
As a new feature, we introduce an analytic gradient computation of the cost-function 112 which reduced the algorithm's run-time drastically compared to a forward-differences type parameters is given by
where J h (n) denotes the Jacobian of function h
For outlier detection and removal we applied an iterative removal of worst contributions.
118
After optimization we find those u ik that belong to the 0.5% highest 2D distances with 119 respect to their forward-projected reference point. They were then removed from the mea- 
B. Motion Compensation Using 2D/3D Registration
124
Our method is based on 2D/3D registration of segmentations from a prior, motion-free 125 reconstruction acquired in supine position. To limit complexity of the optimization prob-126 lem, we focus on four bones that represent both knee-joints, i.e., left and right femur and
127
tibia. An overview of the proposed method is given in Figure 1 . 
Gradient Correlation (GC)
152
GC is a state-of-the-art similarity measure and has been widely used to register bones
153
to their projection images. For the initial formulation of GC we refer to Penney et al. [17] .
154
Let ∇p k (u; γ) : R 2 → R 2 be the DRR's gradient and u ∈ R 2 a 2D pixel location. Further,
is the gradient of the k-th acquired projection image computed using the
156
Sobel operator. In contrast to the MB approach, the parameter vector is now γ ∈ R 6KL ,
157
containing 6 rigid parameters for each of the K projections and each of the L segmented 158 bone volumes. The GC can be formulated as
In our formulation the normalization, i.e. a division by the standard deviations, is incor-160 porated into the weighting matrix W ∈ R 2×2 given in Eq. 5.
The set Ω k defines the image region used for the computation of the GC measure, which 162 may vary for each projection image as indicated by the subscript k. The normalization W 163 is used to adjust intensity differences and depends on the region Ω k . During our experi-164 ments we set Ω k such that it contains every non-zero gradient value of the DRR image, i.e.,
Normalized Gradient Information (NGI)
The idea behind NGI is to compare the similarity of gradient directions at each pixel 168 position. This is done by computing the cosine of the angle between the gradient directions,
169
followed by a weighting with the pixel's gradient magnitude. 
with the variable measure
and the constant normalization
Because the gradient magnitude of the DRR equals zero outside the projected bone 179 volume, we can set the region Ω k such that it covers the full image domain for all k. 
Regularization, Cost-Function and Optimization
181
We assume that the variation of all six motion parameters is physically limited given 182 the knee-joint anatomy. Therefore, we add a temporal smoothness regularizer to our cost-183 function. We minimize the energy of the difference of the estimated parameters and their
184
Gaussian filtered parameters. This can be understood as a minimization of energies present 185 in high temporal frequencies.
In Eq. 9, we outline the structure of the parameter vector γ, where ζ lk ∈ R 6 holds the Euler deviation σ and (ζ * g σ ) denotes the convolution filtering over the temporal direction k.
190
The overall optimization problem is then given by 
Noise Reduction in DRRs
201
We observed a high amount of noise in the forward projected gradient images which led 
Unified Coordinate System, TPS Estimation and Reconstruction
213
After 2D/3D registration, we know the individual bone motion over time. As a next step, time pointk we can express the rigid alignment to a common coordinate system by R l =T lk .
221
We choosek to correspond to an anterior-posterior viewing direction, where no overlapping 222 bones are present. First, we adjust all rigid transformations such that they operate in the 223 reference coordinate system, i.e.
224
T lk
Subsequently, all supine mesh vertices are propagated to the standing reference coordinate 225 system. Letv n l =v l ∈ R 3 be the n-th vertex of the l-th bone in the supine coordinate 226 system. In the following we omit the superscript n assigned to each vertex to improve 227 clarity. Then, its static reference position v l ∈ R 3 for the reference time pointk can be 228 calculated as is given by
where v ∈ R 4 represents a 3D point in homogeneous coordinates. Finally, we apply the 230 updated matrices T lk to the standing reference positions
According to Davis et al. [27] , the TPS deformation at a point x ∈ R 3 can be formulated
where c lk ∈ R 3 are the unknown spline coefficients and the matrix A k ∈ R 3×3 and vector
3D deformation is given by:
where I ∈ R 3×3 denotes the identity matrix. To train the TPS model we need to determine for GC and NGI are within the same range by incorporating a normalization factor.
286
The 2D/3D registration and the marker-based approach have been implemented using 287 CONRAD, a dedicated and open-source software platform for CBCT reconstruction [35] .
288
Function evaluations for the 2D/3D registration are entirely done on the GPU using OpenCL.
289
The segmentation was done using ITK-Snap [36], and initial 3D/3D registration was done 
Quantitative Evaluation
294
We conducted an image-based quantitative comparison between the supine, motion-free 295 and the standing, motion-corrected reconstructions by computing the universal image qual-296 ity index (UQI) [38] . A key problem for quantitative evaluation is that there is no unified 
Relative Bone Motion
326
To assess the amount of non-rigidity we measured the relative bone motion during a 
III. RESULTS
337
A. Visual Comparison
338
For the 0 • flexion angle, we observed only little motion artifacts. Slight streaking is 339 present at the outline of femur and patella (Figure 4a ) but also at tibia and fibula (Figure 5a ).
340
All three methods were able to restore the bone outlines, yielding similar visual results, distortion (i.e., star-like appearance) can be seen at the marker for the GC case.
348
All methods could substantially reduce the large amount of motion artifacts for the 35
case. Not many differences are seen at bone outlines between the results for the femur slices Projections with large occlusions led to incorrect registration of the left tibia using the GC method.
especially in case of the left tibia (see Figure 5f ). The MB and NGI images are of similar 356 image quality with slightly more residual streaking in the NGI case (see Figure 5 (g)-(h)).
357
The reduced image quality of the GC case is due to misregistrations of the 2D/3D alignment 358 as illustrated in Figure 6 . Table I . Mean and standard deviation of the UQI over four bone regions. All correction methods lead to an increased UQI compared to an uncompensated reconstruction. The bold font emphasizes the method with the highest UQI for each dataset.
B. Image Quality Measures
368
The qualitative measures yielded an UQI value for each combination of bone, flexion 369 angle and correction method. 
Method Comparison
We notice a large improvement of the UQI values from no correction to any of the cor- and coronal slice of the supine acquisition, such that the bone's outline is covered exactly.
400
The refinement was performed using the manual segmentation functionality of ITK-Snap
401
[36]. Then, 2D spline models of the refined segmentation mesh were obtained for the se-402 lected axial and coronal slice. We also extracted the corresponding image slices for NGI,
403
MB and the supine data. Finally, we sampled line profiles perpendicular to the fitted spline,
404
equidistantly along the whole spline curve. addition to the distortion, we can observe that the edge of the NGI approach is more similar
415
to the motion-free scan, than the edge of the MB method.
416
D. Target Registration Error
417
As expected, for all datasets the MB method yielded the smallest TRE values and also the 
E. Relative Bone Motion
425
In Figure 8 we show boxplots based on all relative motion parameters over all bones and 426 all projections. We limited the analysis to the NGI method using the 60 • case, as this cor- eliminate manual interaction and will be part of future work.
497
We have used the UQI for a qualitative evaluation of the reconstruction results. Note that claim that the UQI is an accurate measure for soft tissue deformation.
508
To evaluate the TPS extrapolation we computed the reprojection error of the markers would allow an exact measurement of registration errors and is planned as future work.
530
As explained in section II B 4, we reduced the bone segmentations to the bone outlines will be difficult considering the high degree of overlapping structures in our acquisitions.
540
We will also investigate if we can perform the motion correction using a cost-function were estimated for each bone and each projection resulting in a total of 5952 parameters.
551
To improve registration results we also incorporated a regularizer that ensured smoothness 552 of the motion-parameters over time. The motion was then used to estimate a TPS-based 553 non-rigid deformation field for each projection which was directly incorporated into the 554 backprojection step, yielding a motion-compensated reconstruction.
555
Our study included a thorough comparison between two versions of our proposed method respectively, and 53.7 for the MB reference approach. Increased streaking was observed for 562 GC, whereas the visual image quality for NGI was close to that of the MB approach. In con-563 trast to the MB method, the proposed method does not require the attachment of markers 564 which will improve the clinical workflow and patient comfort. Further, we found that the 565 MB method causes small, non-rigid deformations at the bone outline which indicates that 566 markers may not accurately reflect the internal motion at tibia and femur. Therefore, we 567 believe that the proposed method is a promising alternative to MB motion management.
568
For future work we plan further improvements of the 2D/3D registration algorithms, 
